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Data Analytics and Modeling
for Appointment No-show in
Community Health Centers
Iman Mohammadi1 , Huanmei Wu1, Ayten Turkcan2,
Tammy Toscos3, and Bradley N. Doebbeling4

Abstract
Objectives: Using predictive modeling techniques, we developed and compared appointment no-show prediction models
to better understand appointment adherence in underserved populations. Methods and Materials: We collected
electronic health record (EHR) data and appointment data including patient, provider and clinical visit characteristics over
a 3-year period. All patient data came from an urban system of community health centers (CHCs) with 10 facilities. We
sought to identify critical variables through logistic regression, artificial neural network, and naïve Bayes classifier models to
predict missed appointments. We used 10-fold cross-validation to assess the models’ ability to identify patients missing their
appointments. Results: Following data preprocessing and cleaning, the final dataset included 73811 unique appointments
with 12,392 missed appointments. Predictors of missed appointments versus attended appointments included lead time
(time between scheduling and the appointment), patient prior missed appointments, cell phone ownership, tobacco use
and the number of days since last appointment. Models had a relatively high area under the curve for all 3 models (e.g., 0.86
for naïve Bayes classifier). Discussion: Patient appointment adherence varies across clinics within a healthcare system.
Data analytics results demonstrate the value of existing clinical and operational data to address important operational and
management issues. Conclusion: EHR data including patient and scheduling information predicted the missed appointments
of underserved populations in urban CHCs. Our application of predictive modeling techniques helped prioritize the design
and implementation of interventions that may improve efficiency in community health centers for more timely access to
care. CHCs would benefit from investing in the technical resources needed to make these data readily available as a means
to inform important operational and policy questions.
Keywords
access to care, community health centers, predictive modeling, appointment non-adherence, electronic health records

Introduction
Community health centers (CHCs) are safety-net clinics providing primary care for underserved and uninsured populations. For individuals at or below the US federal poverty level,
CHCs provide a vital safety health care net. CHCs provide
primary care services for acute and chronic diseases, injuries,
and preventive services. High missed appointment rates have
been identified as one of the most significant barriers to access
to care for these populations.1,2 In semistructured interviews
conducted at CHCs, clinic staff and providers agreed that a
high missed appointment rate is a major problem.3
Given financial challenges of delivering quality health
care in the United States, finding ways to improve performance is critical in the plight to provide greater access to
care. Optimizing scheduling systems has been identified as

one system level approach to address access needs. For
example, reducing the number of missed appointments is
crucial as when appointment slots go unused it effectively
reduces access to others in need of an appointment.4 In
addition to underutilizing providers’ time, missed
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appointments impact waits and delays for others, increase
health care costs, and increase possibility for adverse health
outcomes.5,6 Research has shown that lowering missed
appointment rates can improve clinical efficiency and utilization, reduce waste, improve provider satisfaction and lead
to better health outcomes for patients.7,8 Missed appointment rates range from 10% to 50% across healthcare settings in the world with an average rate of 27% in North
America.6 Patients with higher missed appointment rates
are significantly more likely to have incomplete preventive
cancer screening, worse chronic disease control and
increased rates of acute care utilization.9 In previous studies, missed appointments have been due to logistical issues,
lack of understanding of the scheduling system, patients not
feeling respected by healthcare providers or the health system, affordability, timeliness, patients forgetting appointment and patient severity of illness.6,10
To understand the complexity of appointment adherence
in different health care settings, different datasets, variables,
and data volumes have been studied. Medium-scale studies
(ranging from 6,000 to 8,000 patients) focused on a few
patient characteristics or a single (eg, time) component.11-13
For example, a large-scale no-show modeling of a Veterans
Affairs (VA) outpatient clinic included 555,183 patients,
which scheduled 25,050,479 appointments; however, the
study only considered a few variables such as the patient
gender, the date of the appointment, and new versus established patients.14 Most studies developed regression models
to predict appointment nonadherence.12,15 Most similar to
the present study, one study identified predictors of missed
clinic appointments among an underserved population.16
These results revealed predictors for a missed appointment
included percentage of no-shows in patients previous
appointments (no-show or cancellation within 24 hours),
wait time from scheduling to appointment, season, day of
the week, provider type, and patient age, sex, and language
proficiency. In other studies of predictive modeling in
health care arena using electronic health record (EHR) data,
other predictive modeling techniques such as naïve Bayes
classifier17 and neural network18 were used to predict hospital readmissions. In this study, we apply and build on these
techniques to predict appointment no-show in CHCs.
Here, we test missed appointment prediction models by
analyzing EHR and scheduling data. We aim to exploit predictive modeling to improve understanding of the complexity of appointment adherence in underserved populations.
Information about patients, providers, appointments and
time are used to predict patients’ adherence to appointments. The main contributions of this study are to (a) build
on previous no-show modeling in community health centers
by expanding the focus on various outpatient specialties
and underserved population specific predictors; (b) compare different predictive modeling methodologies, namely
logistic regression, naïve Bayes classifier, and artificial
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neural networks (specifically multilayer perceptron); and
(c) investigate the impact of clinic characteristics on predictors of the no-show.

Materials and Methods
Participants
Data for this project were collected from a large urban multisite community health center, involving 10 locations in
Indianapolis, most of which are considered federally qualified health centers (FQHC). This CHC has provided care
for more than 100,000 patients during 2014 to 2016. Health
care services provided by this CHC include but not limited
to primary care, pediatrics, family practice, internal medicine, obstetrics/gynecology, dental care, vision care, behavioral health services, and preventive care. The goal of the
no-show modeling was to focus on primary care, so data on
dental and vision care visits was not considered. All study
methods were approved by our institutional review board.

Data Collection and Sample Size
We extracted and deidentified semistructured data from
over 17 tables in the CHC’s database from 2010 to 2016 to
address the study aim. EHR data, including clinic (ie, operational and financial data) and patient (ie, patient demographics and clinical characteristics) information, were
included and linked at the patient level. The data was stored
in a secure Microsoft SQL Server with limited access. For
this study, we created a dataset of patients’ encounters from
January 1, 2014 to April 30, 2016. The dataset included
599,636 appointments by 76,453 unique patients (Table 1).

Data Preprocessing
Appointment compliance field was the dependent variable
in this analysis, which included the categories of checkout
(ie, complete) appointment, no-show, cancelled, rescheduled, and others. A no-show appointment is defined as a
patient who did not keep the prescheduled appointment and
did not cancel the appointment at least 24 hours ahead of the
appointment time. We focused on appointments scheduled
with medical doctor, nurse practitioner, or certified nursemidwife. All other nurse visit appointments were excluded
from analyses. We performed the following data filtering
steps:
•• Filtering appointment categories: To create the
binary outcome variable in this study, we only
included no-show and checkout appointments in the
final analysis, and observations having other appointment compliance, such as rescheduled, cancelled,
and so on, were censored from the dataset.
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Table 1. Distribution of Patient Characteristics Versus Appointment Adherence.
Appointment Adherence
Patient Characteristics
Categorical variables, Percentages
New patient
Yes
Translator needed
Yes
Ethnicity
Hispanic or Latino
Not Hispanic or Latino
Unspecified
Race
American Indian or Alaska Native
Asian
Black
Multiple races
Native Hawaiian and Other Pacific Islander
White
Gender
Female
Marital status
Divorced
Legally separated
Married
Partner
Single
Widowed
Cell phone ownership
No
Email availability
No
Using patient portal
No
Employment status
Employed full-time
Employed part-time
Not employed
Retired
Self-employed
Insurance
Commercial
Marketplace
Medicaid
Medicare
Self-pay
Tobacco use
Current every day smoker
Current some day smoker
Former smoker
Never smoker
Continuous variables, Mean (SD)
Age (years)
Annual income
Prior no-show Rate

Attended
(n = 61,419)

Missed
(n = 12,392)

2.1
15.2
19.6
75
5.4
0.1
4.2
30.3
3.9
1.1
60.4
61.4
3.3
1.3
12.8
0.4
80.8
1.2
18.2
70.6
78.2
13
5.1
79.6
1.5
0.5
14.8
0.6
66.8
5.6
12.2
22.8
2.8
13
61.3

2.4
8
11.9
80.2
7.9
0.1
2
37.7
3.7
0.7
55.7
64.8
3.1
1.7
9.5
0.3
83.4
0.8
26.4
74.5
83.5
10.8
5.5
82.4
0.4
0.3
8.4
0.3
69
3.6
18.7
35.5
3.4
12
49.1

.0455
<.0001
<.0001

21.1 (19.4)
$2748 (8421)
0.11 (0.2)

21.4 (16.9)
$2046 (7109)
0.2 (0.3)

.1393
<.0001
<.0001

Pa

<.0001

<.0001
<.0001

<.0001
<.0001
<.0001
<.0001

<.0001

<.0001

a

T test for continuous variables and chi-square for categorical variables.

•• Ensuring appointment independences: To ensure
observations are independent from each other, we
only included the last appointment of each patient in
the final analysis.
•• Handling missing information: unstructured free text
fields, such as schedulers’ notes, were used to complete
any missing values in fields, such as appointment

type, patient age or gender. Simple rules were used to
find visit types from scheduler notes. For example, if
the note contained “acute” and visit type field was
missing, visit type field was filled by “Acute care”,
and other types can be seen in Table 3. All other
observations with missing information were removed
from the dataset.
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Table 2. Distribution of Provider Characteristics Versus Appointment Adherence.
Appointment Adherence
Variables
Categorical variables, Percentages
Provider specialty

Patient’s primary care practitioner?

Behavioral Health
Certified Nurse-Midwife
Family Medicine
Internal Medicine
Nurse Practitioner
Obstetrics/Gynecology
Pediatrics
Podiatry
No

Attended
(n = 61,419)

Missed
(n = 12,392)

1.8
9.5
17.1
11.5
9.9
4.3
33.6
0.7
83.2

4.3
12.7
14.7
11.7
7.3
5.9
30.3
1.4
86.6

Pa
<.0001

<.0001

a

T test for continuous variables and chi-square for categorical variables.

Out of 76,453 unique patients, 2,642 patients were
removed because they had observations with missing information that could not be found in the data. The final dataset
included 73,811 observations of unique individuals, and
whether they showed for their last appointment during the
study period. Data imputation was not necessary as we had
sufficient number of observations for our analyses.

Variable Preparation
Data fields included visit characteristics (facility/clinic
type, date of visit, date contacted the clinic for scheduling
the visit, time of visit, visit duration, and visit type), patient
characteristics (patient pseudo-ID, age, race, ethnicity,
gender, marital status, cell phone ownership, email availability, whether using patient portal, employment status,
tobacco use, income, needing translator and primary insurance), provider characteristics (whether seeing the patients’
primary care practitioner [PCP] or not, specialty and medical license) and appointment compliance (“no-show” or
“check out”).
In addition to the existing variables in the EHR, we created the following variables to consider in our no-show
modeling:
1.
2.

Lead time, which is the time difference (in days)
between the date of visit and date the patient had
contacted the clinic to arrange an appointment.
Prior no-show rate, which is the number of noshows for a given patient prior to the last appointment, divided by the patient’s total number of
appointments prior to the last appointment. We used
this to test the effect of patient no-show behavior on
appointment adherence.

3.

Days since the last appointment, which is the difference between the date of the last visit and the date of
appointment before the last visit.

Statistical Analyses
We hypothesized that patient and provider characteristics
and visit features were all predictors of appointment noshow in CHCs. We tested variables individually for relationships with the appointment adherence using a
chi-square test for categorical variables and t test for continuous variables. We chose variables with a P value less
than .2 to enter into the model development step. Tables 1-3
list variables that were included in the modeling. The dataset included 73,811 observations, 83% arrived and 17%
no-show.

Prediction Model Development
We randomly split the dataset into 2 samples: 70% for the
training (or derivation) set and 30% for the test (or validation) set. This training and test set selection was repeated 10
times to overcome selection bias. To decrease potential bias
of learning algorithm for training set, we randomly selected
training subsets with no-show to checkout ratio of 2 to 1 and
repeated this randomization for 10 times. We used the training subsets to develop the no-show prediction model using
3 methodologies:
1.

Logistic regression: We used logistic regression in
SAS 9.4. to develop the prediction model with a
stepwise selection and significance level of α = .01.
All the variables, shown in Tables 1-3 and their interactions, were included in the model development.
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Table 3. Distribution of Visit Characteristics Versus Appointment Adherence.
Appointment Adherence
Variables
Categorical variables, Percentages
Appointment duration (minutes)

Lead time

Days since last appointment

Appointment time
Season

Weekday

Visit type

a

10
15
20
30
45
60
Same day
Next day
Within 2 weeks
Between 2 weeks and 1 month
More than 1 month
Within a week
Between 1 and 2 weeks
Between 2 weeks and 1 month
Between 1 and 3 months
Between 3 and 6 months
Between 6 months and a year
More than a year
No prior appointment since 2014
AM
Fall
Spring
Summer
Winter
Monday
Tuesday
Wednesday
Thursday
Friday
Saturday
Acute care
Adult routine/Follow-up
Behavioral health
Podiatry
Pediatric
Pregnant
Women

Attended
(n = 61,419)

Missed
(n = 12,392)

0.8
68.3
14.3
15.6
0.5
0.5
31.4
9
31.6
13
15
1.4
1.1
2.3
5.6
6.7
14.5
53.7
14.8
43.8
18.1
29.9
15.1
36.9
22.3
21.9
20.1
18.8
15.8
1.1
27.7
17
2
0.7
37.6
4.5
10.5

0.1
60.3
14.7
22.1
1.7
1.1
8.4
7.1
35.4
20.7
28.5
1.9
1.8
4.1
9.3
10.2
16.2
39.6
16.9
44.5
19.8
28.9
18.3
33
23.4
22.1
19.1
19.2
15.3
1
12.1
24.4
4.8
1.4
37.5
6.5
13.4

Pa
<.0001

<.0001

<.0001

.1294
<.0001

<.0001

<.0001

T test for continuous variables and chi-square for categorical variables.

2.

Artificial neural network: The large number of features and observations in this study led us to use
more complex machine learning algorithms such as
multilayer perceptron. Multilayer perceptron consists of multiple linear regression models are advantageous when there is a large number of features
(variables) with complex relations among them.19
Categorical variables were transformed to numeric
variables. For example, if a patient is a “New

Patient,” the numeric variable of New Patients
would be created with a value of 1. Continuous,
binary, and numeric variables were used as inputs
for a multilayer perceptron and 1 binary variable
(No-show = 1 or 0) was used as output. Matlab software was used to develop the multilayer perceptron
in this project having 3 layers of the input layer, hidden layer including 25 nodes and output layer. The
training data subsets were used to train the network
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3.

by minimizing the mean-square error (MSE)
between the desired output and the actual output of
the network. The value of the output node determined the classification using a range (between 0
and 1) of cutoff thresholds. Here, we used absolute
value of weights for input layer nodes to identify
and rank the most important variables contributing
to no-show prediction.
Naïve Bayes classifier: The majority of predictors in
our datasets were categorical; hence, we applied a
naïve Bayes classifier that is appropriate to categorical data.20 This classifier computes a conditional
probability of each category in each variable given
the outcome. Then, Bayes rules are applied to calculate the probability of the outcome given different
categories of variables in the data. We applied the
naïve Bayes classifier algorithm implemented in
“scikit-learn” in Python over the randomly selected
train and test datasets. The smoothing value of 0.1
provided the best performance for the classifier.

Model Validation
Models were assessed by calculating the area under the
curve for the receiver operating characteristic (AUC-ROC)
curve. Test dataset was used to validate models’ ability to
discriminate between patients who no-showed versus those
who attended. Ten-fold cross-validation was used to validate the 3 models, and average AUCs, sensitivities to predicting no-show and overall model accuracy were the key
indicators of model validation.

Results
Statistical Analyses
The final dataset included 73,811 observations with 12,392
missed appointments. Comparative analyses of patient
characteristics revealed that black, non-Hispanic or nonLatino, female, single, not employed, Medicaid, self-pay, or
smoker patients had a higher chance of missed appointments (P < .0001; see Table 1). The average annual income
is lower, and the average prior missed appointment rate is
higher in patients who no-showed in their last appointment
(P < .0001). Patients without a cell phone, email, or patient
portal had a higher chance of a missed appointment (P <
.0001). The comparative analysis of the provider characteristics showed that patients scheduled with behavioral health
or OB-GYN providers or not scheduled with their primary
care providers have higher missed appointment rates compared with other appointment types (P < .0001), as demonstrated in Table 2.
The appointment duration, the time between appointment
days, and the day appointment requested, the time (daytime,

weekday, or season) of an appointment, and the type of an
appointment are statistically significantly different between
checkout and missed appointment patients (P < .0001), as
shown in Table 3.
Table 4 shows characteristics of 10 facilities within this
CHC system. Clinics are different in terms of missed
appointment rates and distributions of patient type, visit
type, and provider type.

Predictive Modeling
As shown in Table 4, clinics had different population sizes,
characteristics, and no-show rates. Therefore, we developed
a separate logistic regression model for each clinic.
Supplementary Table S1 (available in the online version of
the article) shows the results from regression model development. These separate models corresponding to individual
clinics yielded different predictors for missed appointments.
Notably, lead time, prior missed appointment rate, age,
insurance type, tobacco use, days since the last appointment, and cell phone ownership were consistent significant
factors across clinics.
Patient Characteristics. Table 4 demonstrates that clinic 2
patients had lower prior missed appointment rates compared with other clinics. In all clinics except clinic 6,
patients between 18 and 64 years old were 1.6 (99% CI 1.51.6) and 3.7 (99% CI 2.9-4.6) times more likely to no-show
their next appointments compared with patients between 0
to 17 years old and 65 years and older patients, respectively.
Notably, clinic 6 is a pediatric clinic and patients are dominantly between 0 and 17 years old. Patients who needed a
translator in their appointments, particularly in clinic 7
(with a high proportion of Hispanic or Latinos), were 0.5
times less likely to no-show in their next appointments
(99% CI 0.4-0.5). In 2 clinics, the interaction between age
and gender also influenced no-shows.
Insurance status was another significant predictor of
missed appointments, such that insured patients were less
likely to keep their appointments. In most clinics, patients
insured by commercial, marketplace, Medicaid, and
Medicare plans were 0.4 (99% CI 0.3-0.4), 0.3 (99% CI 0.20.5), 0.7 (99% CI 0.6-0.7), and 0.4 (99% CI 0.37-0.50)
times as likely to miss appointments, compared with their
uninsured counterparts. Smoking daily increased the likelihood of missed appointments by 95%, compared with
patients who never smoked (odds ratio OR = 2, 99% CI
1.8-2.1). Patients using for their clinics patient portal (webenabled) were less likely to no-show in their appointments
(OR = 0.7, 99% CI 0.7-0.8). In clinic 5, patients without an
email address recorded in the EHR system are 1.2 times
more likely to no-show (99% CI 1.21-1.23). Patients without a cell phone number available in the records were 1.6
times more likely to no-show (99% CI 1.52-1.71).
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Table 4. Clinic Characteristics.
No-show

Facility

Total No.
of Patients

Frequency

Percentage

Clinic 1

10,633

2,248

21

Clinic 2

3,680

660

18

Clinic 3

3,206

392

12

Clinic 4

6,731

803

12

Clinic 5
Clinic 6

2,216
7,870

480
1,543

22
20

Clinic 7

10,703

1,916

18

Clinic 8

12,016

1,659

14

Clinic 9
Clinic 10

11,521
5,235

1,942
749

17
14

Percentage/Mean
Among All Clinics

Clinic Characteristics
••
••
••
••
••
••
••
••
••
••
••
••
••
••
••
••
••
••
••
••
••
••
••
••
••
••

Large number (23%) of patients needing translator
Large number (20%) of Asian patients
Highest mean lead time (28.6 days)
Higher percentage of new patients (10.3%)
Dominantly pregnant and woman patients (98%)
Dominantly certified nurse-midwife and
obstetrics/gynecology providers (95%)
Dominantly female patients (98%)
Dominantly adult patients (95%)
Patients with lower prior no-show rates (0.08)
Mostly scheduled with patients’ primary care
practitioners (56%)
Patients with lower prior no-show rates (0.08)
Majority Black (77%)
Mostly same-day appointments (67%)
Higher number of acute care appointments (46%)
Highest no-show rate
Mostly 20-minute appointments (79%)
Dominantly children (97%)
Majority black (63%)
Dominantly not employed (98%)
Large number (23%) of patients needing translator
Higher number of Hispanic or Latino (34%)
Large number (22%) of patients needing translator
Higher number of Hispanic or Latino (31%)
Highest income level ($4553/year)
Dominantly white (85%)
Patients with lower prior no-show rates (0.08)

Scheduling Characteristics. Lead time was the most consistent significant factor across all the clinics. Longer lead
time provides greater opportunity for a missed appointment (P < .0001). Appointments made more than 1 month
in advance are 7.1 (99% CI 6.5-7.5), 2.4 (99% CI 2.2-2.7),
1.7 (99% CI 1.6-1.9), and 1.2 (99% CI 1.1-1.3) times more
likely to become a no-show, compared with appointments
made on same day, 1 day, 2 weeks, and between 2 weeks
and 1 month in advance, respectively. Next day appointments were 2.9 times more likely to become a missed
appointment than same day appointments (99% CI 2.6-3.3).
Patients with a history of missed appointments were 4.9
times more likely to miss their next appointments (99% CI
4.4-5.8), in all clinics except clinic 2. Patients who had an
appointment between 1 and 2 weeks prior to their last
appointment were more likely to miss that last appointment compared with patients who had a prior appointment
in the last 6 to 12 months (OR = 1.5, 99% CI 1.2-1.8),
more than 12 months (OR = 2.2, 99% CI 1.8-2.7), or
patients who had no prior appointments (OR = 1.4, 99%
CI 1.1-1.7).

••
••
••
••
••
••
••
••
••

14%, P < .0001
4%, P < .0001
17 days, P < .0001
2.1%, P < .0001
15.8%, P < .0001
15%, P < .0001
62%, P < .0001
43%, P < .0001
0.12, P < .0001

•• 16.2%, P < .0001
•• 0.12, P < .0001
••
••
••
••
••
••
••
••
••
••
••
••
••
••
••

32%, P < .0001
27%, P < .0001
25%, P < .0001
17%, P < < .0001
14%, P < .0001
55%, P < .0001
32%, P < .0001
80%, P < .0001
14%, P < .0001
18%, P < .0001
14%, P < .0001
18%, P < .0001
$2665, P < .0001
60%, P < .0001
0.12, P < .0001

Clinic Visit Characteristics. In one-half of the clinics, type of
visit predicted appointment adherence. Supplementary
Table S1 shows that acute visits had lower missed appointment rates than all other visit types, while behavioral health
visits had the highest missed appointment rates. Seasonality
of the appointments predicted missed appointments such
that appointments occurring during spring or summer had
higher missed appointment rates than winter appointments.
Notably, patients scheduled with their own PCP were less
likely to miss the appointment than the ones scheduled with
other providers (OR = 0.8, 99% CI 0.7-0.8). Appointment
duration was also a significant factor (particularly in clinics
3 and 5). Longer durations such as 1 hour or 45 minutes
were more likely to be no-show than shorter durations such
as 15 or 20 minutes.
The ranking of variables contributing to prediction of
no-show in the multilayer perceptron are shown in
Supplementary Table S2. The ranking is based on the
weights nodes in the input layer of multilayer perceptron.
The top 10 predictors of the no-show in our multilayer perceptron analyses included: lead-time, provider specialty,
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Table 5. Validation and Comparison of Prediction Models.
Train Set
Modeling Method

AUC Sensitivity

Logistic regression
Multilayer perceptron
Naïve Bayes classifier

0.91
0.77
0.96

0.84
0.73
0.82

Test Set

Positive (No-show)
Overall
Positive (No-show)
Overall
Predictive Value
Accuracy (%) AUC Sensitivity
Predictive Value
Accuracy (%)
0.58
0.43
0.67

80
79
92

0.81
0.66
0.86

0.72
0.63
0.73

0.54
0.35
0.45

73
71
82

Abbreviation: AUC, area under the curve for the receiver operating characteristic curve.

race, employment status, days since last appointment, prior
no-show rate, cell phone ownership, tobacco use, marital
status, and gender. Similarly, there were multiple variables
contributing to no-show (Supplementary Table S3) using
the naïve Bayes classifier. prior no-show rate, age group,
visit type, lead-time, days since last appointment, duration,
insurance, cell phone ownership, tobacco use, and ethnicity
are the top 10 factors predicting next appointment no-show.
Those variables important in all three types of models
included: lead time, patient prior no-show behavior, cell
phone ownership, tobacco use, and the number of days
since the last appointment of patient. Logistic regression
and naïve Bayes classifier have commonly identified visit
type, age, and insurance as top 10 predictors.

Model Validation
Table 5 shows the validation results for 3 models. Overall
accuracy in Table 5 is the correct classification ratio for the
model. The AUC for logistic regression and the naïve Bayes
classifier are, respectively, 0.81 and 0.86, which are considered excellent for discriminating between 2 outcomes.6
Multilayer perceptron had low AUC of 0.66.

Discussion
We studied missed appointments in 10 separate clinics
within one urban community health care system. Our study
shows that clinics have different population characteristics,
specialties, and patient demographics; thus, it is not surprising that appointment adherence varies across geographic
sites. For example, specialty clinics such as pediatric or
woman clinics have higher missed appointment rates than
the ones providing acute or general primary care.
Appointment lead time, past missed appointments, and age
group of patients are the common important factors differentiating clinics’ overall missed appointment rate. Our
study suggests that any attempt to create a missed appointment prediction model or to design interventions for reducing missed appointment rates should be clinic/facility
specific and tailored based on clinic, facility, or department
characteristics.

Our study has 4 major findings. First, patient, scheduling, and visit characteristics differ across missed and arrived
appointments. These characteristics should be of interest to
managers and policy makers, in order to better design interventions and policies to reduce missed appointments.
Second, the consensus of the logistic regression, multilayer
perceptron, and naïve Bayes classification was that leadtime, patient prior missed appointments, cell phone ownership, tobacco use, and the number of days since the last
appointment of a patient are the most significant predictors
of missed appointments. Other factors were important in
certain clinics, even after control for these factors. These
findings should help managers in health care systems prioritize the design and implementation of interventions to
reduce missed appointments. Third, patient appointment
adherence had different determinants in different clinics or
facilities within a single health care system. This finding
makes sense in a large urban area, where neighborhood,
population and clinic characteristics, as well as policies and
procedures differ. It also underlines the importance of looking at data at the clinic level, because different clinics, even
within the same system may have an important population
and organizational differences. Fourth, according to the
accuracy of the predictions, logistic regression and Bayes
classifiers concluded similarly and perform better in missed
appointment modeling than a multilayer perceptron. This
might be because of categorical nature of our data. Studies
have reported that the discrimination ability of neural networks (such as multilayer perceptron) versus other statistical modeling techniques is data specific.21

Poverty, Employment, and Access to Health
Information Technology
One key social determinant of health in populations is economic stability; this includes measures such as education,
poverty, and employment status.22 We found that lower
income and unemployment were associated with more
missed medical appointments that would likely impair the
health and/or health outcomes of patients. Studies found
that socioeconomic characteristics have negative impact on
health outcomes.23
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The role of poverty and employment are obviously complex and multifactorial across the United States. Our findings point to the need for social, financial, and educational
interventions to help indigent people prosper and communities thrive. Access to emerging technologies such as cell
phones, the Internet and social media is another social and
financial determinant. We found that patients without access
to cell phone, email, and a patient portal were more likely to
miss their medical appointments. Therefore, lack of access
to these technologies may affect health outcomes. Future
research should examine if the provision of these consumer
health technologies alone can enhance access to health for
individuals in poverty or if our finding is more directly
related to financial status alone.
Our results show that patients without insurance for
medical services are at risk of not adhering to their appointments and consequently their care plans. This factor is
highly correlated with unemployment, which was very high
(approximately 80%) in our study population.

Patient Engagement, Tobacco Use, and
Promoting Patient Appointment Adherence
In our study, smoking was one of the most significant factors
related to missing medical appointments. We hypothesize
that this variable as a health behavior, which may be highly
related to other health practices, including adherence to
scheduled clinic visits. It is beyond the scope of this study to
determine whether this variable is a marker for adherence
with recommendations or a confounder. Regardless, its
importance underscores the importance of engagement of
the underserved populations in their care and the role of individual health behaviors, attitudes, and practices.
Common reasons for missed appointments found in prior
research include forgetting about the appointment, competing priorities, and demands (such as the need to work or
inability to leave work), availability of transportation, or
feeling better at the time of the appointment.24 These reasons can be magnified if the lead time (the most important
predictor in our study) for appointments is elongated.
Interventions such as increasing number of open access
(same-day) hours and decreasing number of appointments
made more than 1 month in advance should be considered
to improve access to care in community health centers. Past
missed appointment is an important predictor of future
appointment adherence. Our findings are consistent with
other research that operationalized passed missed appointments using clinicians’ notes containing phrases like “noshow,” “did not present,” “failed to attend,” and “missed
appointment.” These researchers found that patients that
previously missed appointments were more likely to miss
future appointments.25 Further investigation of this problem
should focus on extracting important information available
as free text in patient complaint and reason to seek health.26

Our study found that behavioral health patients were
more likely to miss their next appointments than any other
type of patients. Differences in adherence with appointments here could either be related to different systems for
scheduling and reminding patients of appointments between
medical and behavioral health systems, or related to intrinsic differences in practices, attitudes or adherence among
behavioral health patients. Further investigation of this
problem should focus on differences between the practices
and policies for such patients, before efforts to make special
accommodations for the population.

Application to Medical Practice
Our study used large patient datasets with multiple potential
explanatory variables in order to develop prediction models
using various clinics within a health care system. We also
used multiple methods to develop and compare the models.
Access to health care can affect individuals’ health status
and quality of life. Missed appointments are one of the most
important factors determining access to care. High levels of
no-shows are not only an expensive waste of limited provider resources, but they can also lead to unmet health needs
and delays in receiving appropriate care. Therefore, predicting and preventing missed appointments can potentially
improve access to care.27 The outcomes of this study could
help clinicians predict appointment no-shows that can
potentially reduce no-show rates in CHCs. Researchers
have reported lower no-show rates can improve clinical
efficiency and utilization, reduce waste, improve provider
satisfaction and lead to better health.28 Redesigning and
testing the alternate scheduling processes will help patients
get appointments in a timelier manner. These better scheduling systems will improve access for acute patients,
increase continuity of care for chronic patients and essentially positively affect health outcomes.
There are 2 possible real-world applications of this
study. First, the methodologies and findings of this study
can be used to redesign scheduling systems in CHCs to
reduce the number of no-show appointments. Second, noshow predictions models can be implemented in EHR systems as decision support systems that would identify
patients with a high risk of appointment no-show.
Appointments with high risk of no-show may be double
booked, or patients with high risk of no-show may be
reminded more rigorously.

Limitations
One of the limitations of this study is that it includes only
patients from 1 CHC system in Indianapolis. However, this
CHC system involves multiple geographic sites and is very
diverse from the patient characteristics perspective. Another
limitation of this study is that the dataset used in this study did
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not have information on the clinical, physical, and functional
status of patients (eg, diabetes, depression, congestive heart
failure, etc). These attributes can be significant predictors of
the no-show. However, visit type variable in our dataset did
relate to a patient’s clinical characteristics. Findings of this
study are drawn from FQHC clinics providing primary care
to underserved populations. Whether these results are generalizable to other patient populations will need to be
addressed in other studies. Another limitation of this study
is that the dataset did not include information about new
patients who no-showed in their first appointments; however, sufficient number of observations did not significantly
impact the outcomes of this study.

Future Work
These results demonstrate the value of using existing clinical and operational data to address important operational
issues. Further resources are needed in CHCs to make these
data readily available and to inform important operational
and policy questions. Future work might also focus on linking billing information and claims data with EHR to extract
important information about patients and appointments.
One example could be using evaluation and management
codes to adequately identify provider type or provider time
spent with patients.

Conclusion
This project developed the statistical model and machine
learning models that can be used to predict patients’ chance
of no-showing to their next medical appointment. Logistic
regression, multilayer perceptron, and naïve Bayes classifiers were used to develop and compare the no-show prediction models that resulted in finding lead time, patient prior
no-show behavior, cell phone ownership, tobacco use, and
the number of days since the last appointment of a patient as
significant predictors of appointment adherence. The application of these findings may be used to design new interventions to improve scheduling processes and other policies and
practices for better and timelier access to care. We suggest
that redesigned operations and policies, from scheduling
practices to reminder systems and other technological tools
to improve adherence can improve clinic revenues, utilization of resources, and ultimately improve health outcomes.
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